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The growth of the internet has spawned new “attention markets,”
in which people devote increasing amounts of time to consuming
online content, but the neurobehavioral mechanisms that drive
engagement in these markets have yet to be elucidated. We used
functional MRI (FMRI) to examine whether individuals’ neural re-
sponses to videos could predict their choices to start and stop
watching videos as well as whether group brain activity could
forecast aggregate video view frequency and duration out of sam-
ple on the internet (i.e., on youtube.com). Brain activity during
video onset predicted individual choice in several regions (i.e., in-
creased activity in the nucleus accumbens [NAcc] and medial pre-
frontal cortex [MPFC] as well as decreased activity in the anterior
insula [AIns]). Group activity during video onset in only a subset of
these regions, however, forecasted both aggregate view frequency
and duration (i.e., increased NAcc and decreased AIns)—and did so
above and beyond conventional measures. These findings extend
neuroforecasting theory and tools by revealing that activity in brain
regions implicated in anticipatory affect at the onset of video view-
ing (but not initial choice) can forecast time allocation out of sample
in an internet attention market.
forecasting | video | accumbens | insula | FMRI
In a world awash in information, individuals must constantlychoose how to allocate their time (1). Furthermore, “a wealth
of information creates a poverty of attention and a need to al-
locate that attention efficiently” (2), which might be measured
in terms of time use. Thus, as the availability of information
increases, time grows more scarce and valuable. While most
decision-making research focuses on choices involving the al-
location of money, this work focuses on internet “attention
markets”—in which people exchange their time (rather than
money) to access online content (3).
Since the turn of the 21st century, online markets have offered
an expanding range of products (e.g., television, movies, music,
books, and games). As individuals peruse these products, search
engine optimization tools (e.g., on google, youtube, and netflix)
and social media applications (e.g., facebook, instagram, and
twitter) collect data in efforts to increase consumer engagement
(4). As a result, people currently spend over 1 billion h/d in at-
tention markets watching video content (https://www.statista.com),
and the world’s second-most popular search engine is a video site
(i.e., youtube.com) (5). Neurobehavioral mechanisms underlying
this extensive online engagement with video content, however,
have yet to be elucidated.
Affective neuroscience advances potentially offer new ideas
and tools for understanding online time allocation. Researchers
have noted that positively aroused affect (e.g., excitement) pre-
cedes approach behavior, whereas negatively aroused affect (e.g.,
anxiety) precedes avoidance behavior (6). In humans, functional
MRI (FMRI) has been leveraged to investigate second-to-second
changes in neural correlates of this “anticipatory affect” and
subsequent choice (7). An affect–integration–motivation (AIM)
framework arising from this research specifically associates nu-
cleus accumbens (NAcc) activity with positive arousal, anterior
insula (AIns) activity with negative or general arousal, and medial
prefrontal cortex (MPFC) activity with value integration of affect
with other considerations (e.g., probability or time; “integration”).
Activity in these regions then promotes behavioral approach to-
ward or avoidance of stimuli under consideration (“motivation”)
(8). Other accounts additionally implicate posterior cingulate
cortex (PCC) activity in value-based integration and attention (9,
10). Based on the AIM framework, neural predictions of indi-
vidual choice have extended across a broad range of scenarios. For
instance, anticipatory NAcc and MPFC activity predicts individ-
uals’ choices to approach purchases (11, 12), investments (13, 14),
and charitable appeals (15, 16). Conversely, anticipatory AIns
activity predicts individuals’ choices to avoid purchases (17, 18),
investments (13, 14), and charitable appeals (19). Research has
not yet examined, however, whether this activity can also predict
time allocation.
If brain activity predicts time allocation in individuals, might it
also forecast time allocation at the aggregate level in attention
markets [here, “prediction” refers to predicting behavior within
individuals, whereas “forecast” refers to predicting behavior across
individuals but not necessarily across time (20)]? In laboratory
samples, group NAcc activity can forecast music sales (21),
microloan appeal success (22), advertisement efficacy (23), food
purchases (24), news article popularity (25), and crowdfunding
Significance
People currently spend over a billion of hours a day watching
internet video content. To understand why, we combined
neuroimaging with a behavioral video viewing task that sim-
ulated an internet attention market (i.e., youtube.com). While
brain activity at video onset (increased nucleus accumbens
[NAcc] and medial prefrontal cortex but decreased anterior
insula [AIns]) predicted individuals’ choices to start and stop
viewing, only activity in a subset of these regions implicated in
anticipatory affect (increased NAcc and decreased AIns) at
video onset forecasts aggregate video view frequency and
duration on the internet. These findings suggest that brain
activity can reveal “hidden” information capable of forecasting
video engagement in attention markets.
Author contributions: L.C.T., M.Y.A., A.G., B.S., and B.K. designed research; L.C.T. and
M.Y.A. performed research; L.C.T., M.Y.A., A.G., and B.K. analyzed data; and L.C.T.,
M.Y.A., A.G., B.S., and B.K. wrote the paper.
Competing interest statement: A.G. and B.K. served on a scientific advisory board for Ipsos
LLC from 2017 to 2018.
This article is a PNAS Direct Submission. E.B.F. is a guest editor invited by the Editorial Board.
This open access article is distributed under Creative Commons Attribution-NonCommercial-
NoDerivatives License 4.0 (CC BY-NC-ND).
Data deposition: The data and code that support reported analyses are available online in
the Open Science Framework (https://osf.io/6c4xd/) and Neurovault (https://neurovault.
org/collections/6559/).
1To whom correspondence may be addressed. Email: knutson@stanford.edu.
This article contains supporting information online at https://www.pnas.org/lookup/suppl/
doi:10.1073/pnas.1905178117/-/DCSupplemental.
www.pnas.org/cgi/doi/10.1073/pnas.1905178117 PNAS Latest Articles | 1 of 6
PS
YC
H
O
LO
G
IC
A
L
A
N
D
CO
G
N
IT
IV
E
SC
IE
N
CE
S
D
ow
nl
oa
de
d 
by
 g
ue
st
 o
n 
M
ar
ch
 1
9,
 2
02
0 
support (26). Group MPFC activity can also forecast aggregate
responses to antismoking advertisements (27) and news articles
(25). In some cases, sampled neural measures can even forecast
market-level behavior above and beyond traditional behavioral
and self-report measures (20). While counterintuitive, the notion
that brain activity can forecast aggregate behavior even when
behavior cannot is consistent with a “partial scaling” account, in
which some components of the choice process generalize more
broadly across people than others. For instance, in the context
of the AIM framework, partial scaling might occur if early af-
fective components generalize more broadly than later value
integrative components, motivational components, or even
subsequent choice behavior (20). Thus, partial scaling implies
that neural measures might reveal “hidden” information about
market demand (28).
This work aimed to test whether brain activity in regions im-
plicated in anticipatory affect and value integration might predict
individual choices to allocate time and furthermore, whether
group activity in a subset of those regions (i.e., those implicated
in anticipatory affect) would scale to forecast aggregate time
allocation. The current research, therefore, critically aimed to
forecast video engagement in an internet attention market
(youtube.com) based on video thumbnail attributes rated in a
pilot study (SI Appendix, section S1). During a “video choice”
task, participants first chose whether they would like to watch
videos based on thumbnails selected from youtube.com. Next,
in a “video viewing” task, participants watched 32 videos from
the video choice task and were given the option to stop watching
each video after viewing the first 4 to 8 s. Then, participants rated
each video based on how engaging they and others might find it
and how positive (vs. negative) and aroused (vs. not aroused) they
felt while watching it (Fig. 1). Throughout, FMRI scans and eye
blink data were acquired.
By extending the AIM framework (8) from the allocation of
money to time, we predicted that brain activity in the NAcc
(positively), AIns (negatively), and MPFC (positively) would
predict individuals’ choices to allocate time to videos. Consistent
with partial scaling of anticipatory affect (20), we further predicted
that sampled anticipatory affective responses (positive NAcc and
negative AIns activity) but not value integrative responses (MPFC
or PCC activity) or behavior would forecast aggregate video
viewing frequency and duration on the internet. Since aggre-
gate viewing frequency metrics minimally require people to
watch at least a few seconds of online videos, these hypotheses
primarily focused on brain activity during the initial viewing
period in the video viewing task (although similar analyses of
brain activity during the video choice task are also described for
comparison).
Results
Individual Prediction. Linear mixed effects models with random
intercepts for participants and videos tested whether choice be-
havior, affect ratings, and brain activity predicted individual
behavior in the video viewing task. We first tested whether be-
havioral choices in the video choice task predicted view per-
centage (i.e., duration as a percentage of total video length)
during the subsequent video viewing task. Videos that were
chosen vs. not chosen in the video choice task were viewed for
12% longer during the subsequent video viewing task (t = 12.30,
P < 0.001), accounting for 40% of the variance in individual view
duration. Next, we tested whether affect ratings (i.e., positive
arousal and negative arousal) were associated with view duration
(engagement ratings correlated strongly with affect ratings and
therefore, were not included in these models). As predicted,
positive arousal was positively associated with view percentage
(β = 0.186, t = 22.49, P < 0.001), but negative arousal was not.
Overall, self-report ratings accounted for 53% of the variance in
individual view percentage.
We then tested whether brain activity in regions implicated in
anticipatory affect (i.e., NAcc, AIns) and value integration (i.e.,
MPFC, PCC) predicted individual view percentage (SI Appendix,
Table S2). Average percentage signal change was extracted from
each volume of interest during the video viewing task at video
onset (first 4 s or onset), over the entire video (average), and
prior to video offset (final 4 s prior to stopping or video ending or
offset), and lagged by 6 s to account for the hemodynamic peak.
For onset activity and consistent with an early phasic response
(29, 30), NAcc onset activity positively predicted view percentage
(β = 0.039, t = 3.39, P < 0.001), whereas AIns onset activity neg-
atively predicted view percentage (β = −0.047, t = −3.91, P < 0.001).
PCC onset activity also negatively predicted view percentage
(β = −0.025, t = −2.53, P < 0.05), but MPFC onset activity did not
(β = 0.013, t = 1.27, P = 0.20). For average activity, both NAcc (β =
0.053, t = 4.39, P < 0.001) and MPFC average activities positively
predicted view percentage (β = 0.041, t = 4.33, P < 0.001), while
AIns average activity again negatively predicted view percentage
4 8 s 54 172 s0 s
View Stop? Rate
Not at all Slightly Somewhat Strongly
+4 x 4 s
View trial
(4 x 8 videos)
Engaging/Others/
Valence/Arousal?
Fig. 1. Viewing task procedure and trial structure. Participants received instructions and underwent auditory and eye-tracking calibration. During scanning,
they saw thumbnails of each of the videos and indicated whether they wanted to view the video (video choice task); then, they were forced to watch at least
4 s of each video before responding to an option to stop watching the video, after which they rated the video on four scales (video viewing task). Finally,
participants completed a debriefing survey (Upper). In video viewing task trials, participants watched each video (4 to 8 s), saw a prompt that allowed them to
stop watching (stop), and rated four aspects of the video sequentially (engaging for self, engaging for others, valence, and arousal; 4 s each; Lower).
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(β = −0.065, t = −5.20, P < 0.001), but PCC average activity did
not (β = −0.012, t = −1.23, P = 0.22). For offset activity, only PCC
offset activity predicted view percentage (β = 0.023, t = 2.13,
P < 0.05).
Together, these findings suggest that brain activity can aug-
ment behavioral and self-report predictions of individual choices
to allocate attention to videos, consistent with the AIM frame-
work implication that both early activity in affective regions and
later activity in value integrative regions contribute to individual
choice (8). In the subset of participants with analyzable physio-
logical data (n = 30), eye blinks also accounted for significant
additional variance in predicting video duration but not video
choice, consistent with attentional engagement (SI Appendix,
section S3).
Aggregate Forecasting. Internet metadata were extracted for each
experimental video from youtube.com (SI Appendix, section S1)
and translated into two aggregate outcome metrics. The first was
calculated as aggregate view frequency log

video  views
age  of   videoðdaysÞ

, which
normalized the log normal distribution of view frequency (31) and
indexed aggregate video engagement. The second was calculated as
aggregate view percentage

cumulative  view  duration
video  views

video  duration

,
which controlled for total video duration and indexed aggregate
(inverse) video disengagement. Since each video received one value
for each of the aggregate metrics, critical analyses included group
activity averaged by video from brain regions in which activity at
video onset had predicted individual behavior. To verify the fore-
casting specificity of brain activity sampled at video onset, additional
exploratory analyses also examined average and offset activity from
these regions (SI Appendix, Tables S3–S6).
Preliminary analyses tested whether sampled behavior and
ratings could forecast the aggregate time allocation metrics (Fig.
2 and Table 1). For behavior, to closely align laboratory mea-
sures with aggregate metrics, sampled choice in the video choice
task was used to forecast aggregate view frequency, while sam-
pled view percentage in the video viewing task was used to
forecast aggregate view percentage. For ratings, since affect and
engagement ratings were strongly correlated, only affect ratings
were included in the critical models (similar results were
obtained after substituting engagement for affect ratings) (SI
Appendix, Tables S7 and S8).
Behaviorally, neither sampled choice nor affect ratings fore-
cast aggregate view frequency (all P values > 0.05). Sampled view
percentage did, however, forecast aggregate view percentage
(β = 0.071, t = 4.24, P < 0.001; accounting for 35.4% of its
variance), but affect ratings did not (Fig. 2 and Table 1).
Bivariate correlations first probed whether brain activity was
associated with aggregate time allocation metrics (Fig. 3).
NAcc onset activity alone was positively correlated with ag-
gregate view frequency (r = 0.46, P < 0.01; ρ = 0.54, P < 0.01),
while AIns onset activity alone was negatively correlated with
aggregate view percentage (r = −0.37, P < 0.05; but this non-
parametric association was not significant: ρ = −0.09, P =
0.61). These focused pairwise associations matched activation
patterns in exploratory whole-brain analyses (SI Appendix,
section S4).
Next, the critical tests examined contributions of brain activity
in two sets of multivariate models forecasting the aggregate time
allocation metrics. For view frequency, while choice and ratings
models did not significantly forecast aggregate view frequency,
the neural model did (Table 1). An SD increase in NAcc onset
activity increased view frequency by 0.65 (t = 3.73, P < 0.001),
but an SD increase in AIns onset activity decreased view fre-
quency by 0.54 (t = −2.44, P < 0.05). This neural model
accounted for 28% of the variance in aggregate view frequency,
which decreased to 23% after including choice and ratings
measures and adjusting for added predictors (with contributions
from both NAcc and AIns onset activity). Furthermore, both the
Akaike information criterion (AIC) and cross-validated root
mean squared error (CV RMSE) increased for the combined
model, consistent with superiority of the neural model. Activity
from these brain regions did not significantly contribute to the
combined model when average or offset activity was substituted
for onset activity (SI Appendix, Tables S3 and S5).
For view duration, while sampled view duration did signifi-
cantly forecast aggregate view duration (β = 0.706, t = 4.24, P <
0.001), ratings did not. As with view frequency, the neural model
forecasts view duration, with significant contributions from both
NAcc (β = 0.055, t = 2.11, P < 0.05) and AIns (β = −0.081, t =
−2.44, P < 0.05) onset activity. This neural model, however,
accounted for less variance (16%) than did the behavioral model
(35%) (Table 1). Still, the combined model indicated that neural
measures continued to significantly forecast view duration above
and beyond behavior and self-report (51%) while reducing AIC,
consistent with superiority of the combined model. Activity from
these brain regions did not significantly contribute to the com-
bined model when average or offset activity was substituted for
onset activity, with the exception of NAcc offset activity (SI
Appendix, Tables S4 and S6). Together, these findings suggest
that NAcc and AIns video onset activity may forecast both ag-
gregate engagement and disengagement with videos in opposite
directions (Table 1).
Subsequent exploratory analyses indicated that brain activity
during the video choice task did not forecast aggregate video
engagement metrics (SI Appendix, Tables S9 and S10). Supple-
mentary analyses yielded findings that were similar to the critical
analyses after controlling for participants’ previous choices in the
video choice task (SI Appendix, Tables S13 and S14), after
omitting activity from value integrative brain regions from the
models (SI Appendix, Tables S15 and S16), and after excluding
participants familiar with any of the videos (SI Appendix, section
S5). Similar results were also obtained for NAcc activity when
forecasting rank-ordered aggregate metrics, although the con-
tribution of AIns activity was diminished in these models (SI
Appendix, Tables S19 and S20). Finally, average eye blink mea-
sures did not forecast either of the aggregate metrics (SI Ap-
pendix, section S3).
Discussion
Combining neuroimaging with a behavioral task allowed us to
test whether activity in affective brain regions might foreshadow
peoples’ allocation of time to watching videos—both in individ-
uals undergoing scanning and out of sample in an internet at-
tention market (youtube.com). In individuals, brain activity in
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Fig. 2. Sample and aggregate view choice and duration. Large points rep-
resent means. Error bars represent 95% CIs. Points represent data for each
participant. Sample choices to watch videos were not significantly associated
with aggregate view frequency (Left). Sample view percentage was posi-
tively associated with aggregate view duration (Right).
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regions previously shown to predict allocation of money also
predicted choices to allocate time to watching videos. In an in-
ternet attention market, sampled activity in a subset of these
regions implicated in anticipatory affect at video onset general-
ized to forecast the frequency of choices to allocate time as well
as the duration of time allocated to videos.
r = -.005
= 0.18
r = 0.46**
= 0.54** NAcc
AIns
r = -0.29
= -0.16 
r = 0.10
= 0.05MPFC
r = -0.37*
= -0.09 
r = 0.10
= 0.18
Fig. 3. Associations between group brain activity and aggregate view frequency and duration. Zero-order bivariate Pearson’s and Spearman’s correlations.
(Top) NAcc, (Middle) AIns, and (Bottom) MPFC. n = 36 videos. Significance is as indicated. *P < 0.05 (two tailed); **P < 0.01 (two tailed).
Table 1. Forecasting aggregate behavior
Aggregate view frequency Aggregate view percentage
Behavior Ratings Brain Combined Behavior Ratings Brain Combined
Constant 2.770 (0.15)*** 2.770 (0.15)*** 2.770 (0.13)*** 2.770 (0.13)*** 0.684 (0.02)*** 0.684 (0.02)*** 0.684 (0.02)*** 0.684 (0.01)***
Choice (yes/no) 0.141 (0.15) 0.180 (0.18)
View
percentage
0.071 (0.02)*** 0.098 (0.02)***
Positive
arousal
−0.020 (0.16) −0.118 (0.22) 0.025 (0.02) −0.057 (0.02)*
Negative
arousal
0.223 (0.16) 0.121 (0.16) −0.006 (0.02) −0.007 (0.02)
NAcc (onset) 0.653 (0.18)*** 0.604 (0.19)** 0.055 (0.03)* 0.044 (0.02)†
AIns (onset) −0.540 (0.22)* −0.545 (0.25)* −0.081 (0.03)* −0.070 (0.03)*
MPFC (onset) −0.026 (0.16) 0.010 (0.18) −0.017 (0.02) −0.012 (0.02)
PCC (onset) 0.295 (0.18) 0.257 (0.20) 0.017 (0.03) 0.027 (0.02)
Adjusted R2 −0.004 0.005 0.279 0.231 0.354 −0.024 0.158 0.509
AIC 83 84 75 79 −57 −42 −46 −61
Classification
accuracy
0.531 0.438 0.688 0.625 0.656 0.344 0.594 0.688
CV RMSE 0.870 0.854 0.790 0.875 0.097 0.122 0.120 0.097
Statistics are standardized coefficients and SEs. Significance is as indicated.
*P < 0.05 (two tailed); **P < 0.01 (two tailed); ***P < 0.001 (two tailed); †P < 0.10 (nonsignificant trend).
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At the level of individual choice, these findings extend appli-
cations of the neuroeconomic toolkit from predicting choices
regarding money allocation (11) to choices about time allocation.
The findings are broadly consistent with an AIM framework
account in which affective, integrative, and motivational neural
responses predict and promote individual choice (8). Specifically,
early NAcc activity and later MPFC activity were associated with
video engagement, while early AIns activity was associated with
disengagement. The temporal variation in predictive activity
further suggested that these different regions supported distinct
functions since NAcc and AIns onset activity predicted view
percentage, consistent with anticipatory affective responses,
whereas MPFC average activity predicted view percentage,
consistent with subsequent value integration.
At the level of aggregate choice, these findings provide evidence
for partial scaling in time allocation (20) since activity in a subset
of regions that predicted individual choice also forecasts video
engagement metrics on the internet. Specifically, activity during
video onset in regions associated with anticipatory affect (i.e., in-
creased NAcc and decreased AIns activity) forecasts aggregate
view frequency, but activity in more cortical regions associated
with value integration (i.e., MPFC and PCC) as well as behavioral
choice did not. While both were predicted, NAcc activity scaled
more robustly than AIns activity, suggesting that positive arousal
may generalize more broadly to these video attention markets
than negative arousal—although such an inference requires fur-
ther verification. Activity in response to video onset in regions
associated with anticipatory affect also forecasts aggregate view
duration along with behavioral choices to stop viewing videos,
while activity in regions associated with value integration did not.
Although MPFC activity did not forecast time allocation in this
research, it has been associated with aggregate behavior in the few
other neuroforecasting studies that have examined time-relevant
outcomes (i.e., responding to advertisements and forwarding
newspaper articles) (25, 27, 32). Although anticipatory affect
might represent particularly salient features for video attention
markets, other markets might elicit considerations more relevant
to value integration (e.g., identity and future plans)—a possibility
ripe for future exploration. Notably, brain activity during a pre-
vious video choice task did not forecast online engagement, sug-
gesting that brain activity in response to stimuli that directly
generate aggregate engagement metrics (i.e., video viewing) may
support more robust forecasts. These findings highlight contextual
factors that might help sharpen neural forecasts of time allo-
cation related to regions (implicated in anticipatory affect),
timing (in response to video onset), and task (matched across
levels of analysis).
From a practical standpoint, these findings potentially inform
choice applications by demonstrating that “hidden information”
from neural data can improve market forecasts. Forecasting the
viral spread of videos on the internet with behavioral and content
measures has proven challenging (33, 34), although some evidence
suggests that affective content may promote the transmission of
news and messages (35–37). While the current forecasts targeted
aggregate metrics that were collected prior to scanning, they were
unlikely to be influenced by prior exposure since few reported
familiarity with any of the stimuli, and omission of their data did
not alter the findings (SI Appendix, section S5). Nonetheless, im-
plicit familiarity is more difficult to account for than explicit fa-
miliarity and therefore, should be addressed in further work (38).
Furthermore, as in other neuroforecasting studies (24), future
research might ideally forecast aggregate time allocation metrics
collected after acquisition of brain data (although changes in the
youtube.com interface have rendered these metrics less accessi-
ble). The cost-effectiveness of neuroforecasting applications may
vary since tracking subcortical activity with FMRI is currently
expensive and requires technical expertise. In large markets (such
as youtube.com), however, even a small increment in forecasting
might translate into millions of views and substantial revenue (31,
39). Optimization of techniques for harvesting relevant brain sig-
nals may improve forecasts. While this initial foray used easily
computable and interpretable time course activity summaries from
predefined brain regions of interest, more complex analyses, such
as intersubject correlation (40), might yield additional useful sig-
nals but are difficult to implement with the current data since
video durations necessarily varied across participants. Future re-
search might also systematically deconstruct and label dynamic
video content (41) to determine whether specific video features
influence aggregate engagement. Although eye-tracking mea-
sures of blink rate did not forecast aggregate metrics in the
current study (SI Appendix, section S3), other peripheral mea-
sures might eventually augment forecasts.
Overall, this research extends a growing literature on neuro-
forecasting by demonstrating the possibility of forecasting time
allocation online. Few studies have directly compared neural
predictors of individual vs. aggregate choice, and existing com-
parisons have focused on the allocation of money rather than time
(20). Design innovations allowing the assessment of engagement
as well as disengagement within the same video stimuli at both
individual and aggregate levels of analysis made such direct
comparisons possible. These results, therefore, catalyze future
work that may more precisely specify which features of stimuli,
individuals, and markets best support neuroforecasting.
Materials and Methods
Participants and Procedure. All procedures were approved by the Stanford
Institutional Review Board and conducted at the Stanford Center for
Neurobiological Imaging.
Participants. Forty participants (25 female; age 25.28 ± 7.35 y) were recruited
online to participate in an FMRI study about watching videos. Participants
completed a prescreening survey prior to being invited to take part in the
study. Exclusion criteria included FMRI eligibility (metal implants, pregnancy,
psychotropic medication, claustrophobia, neurologic disorders, or prior brain
trauma) and corrected vision (due to eye tracking). Four participants were
excluded from analysis due to frequent volume displacements (more than
four instances greater than 6 mm or two voxel sides) during scan acquisition
(otherwise, only trials with motion exceeding this threshold were omitted
from analyses).
Procedure. Participants completed informed consent and screening forms,
were briefed about the experiment, and entered the FMRI scanner. Participants
inserted earbuds with volume that was calibrated, and a near-infrared eye
tracker was set up and calibrated before scanning (SI Appendix, section S3).
Video choice task. Participants viewed 64 video thumbnails with associated
titles and captions presented in pseudorandom order (SI Appendix, section S1
discusses stimulus selection procedures) split into two runs of 32 trials each.
In each trial, a video thumbnail was displayed (2 s) followed by the title and
caption (6 s). Participants indicated whether they wanted to watch the video
with a button box using either the index or little finger of their left hand
to choose the option on the right or the left, respectively (4 s). Accept
(vs. reject) response buttons were randomized laterally across trials. Be-
tween trials, participants visually fixated on a central cross-hair (intertrial
interval; 2 to 6 s).
Video viewing task. After the video choice task, participants read instructions
for the video viewing task as an anatomical scan was acquired. Participants
then completed 32 trials of the video viewing task in four runs of 8 trials (Fig.
1). To control stimulus content, all participants watched the same 32 videos.
Thus, selection of presented videos did not depend on participants’ re-
sponses in the previous video choice task. Trials were presented in pseudo-
random order in either a forward- or reverse-ordered sequence. The videos
included 54- to 172-s clips selected from the popular science channels “Dis-
covery” and “Animal Planet” on youtube.com and were sampled from a
larger database of 2,950 videos with thumbnails that had previously been
normed using a larger online (Amazon Mechanical Turk) sample in a pilot
study (SI Appendix, section S1). Video stimulus sampling aimed to maximize
variance in aggregate view duration (calculated as a percentage of the total
video length; view percentage) as well as affective ratings (i.e., high vs. low
arousal and high vs. low valence) (SI Appendix, Fig. S1). Participants were
informed that they would see videos that they had previously encountered
in the video choice task but were not required to respond consistently with
their previous choices. Regardless of their responses in the video choice task,
Tong et al. PNAS Latest Articles | 5 of 6
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each trial began with video playback followed by a gray square that randomly
appeared after 4 to 8 s on the left or right side of the centrally displayed video.
Participants then had the option of skipping the rest of the video at any
subsequent point by pressing a button with their left or right index finger,
corresponding to the gray square’s position. After watching (or skipping) each
video, participants rated the video on four four-point Likert scales: 1) how
engaging they found the video (not at all engaged to strongly engaged), 2)
how engaging others would find the video (not at all engaged to strongly
engaged), 3) how positively vs. negatively they felt about the video (strongly
negative to strongly positive), and 4) how unaroused vs. aroused they felt
about the video (not at all aroused to strongly aroused). Participants had 4 s to
respond to each rating prompt, and the directions of rating anchors (i.e., as-
cending or descending) were laterally counterbalanced for each trial in a
pseudorandom order. Prior to statistical analysis, ratings were mean deviated
within each participant, and arousal and valence ratings were projected onto
independent affective axes of positive arousal and negative arousal (as de-
scribed in ref. 7). To encourage viewing at least part of each video and to
discourage time- and order-dependent responses (including skipping), prog-
ress indicators were omitted, and participants were not informed about the
number or duration of videos in the task.
Behavioral summary. Of 40 scanned participants, 39 completed all 32 trials,
while 1 completed 31 trials (due to a technical interruption); 38 participants
watched at least one video to completion, while 2 skipped every video at some
point. Onaverage, 74%of the videoswere eventually skipped, and the average
video view duration was 48%. Only 17 video choice trials (1.32%) had missing
values due to participants not responding within 4 s. Only 13 video viewing
trials (1.02%) lasted less than 8 s, justifying distinct analyses of neural responses
to video onset, average, and offset. Linking behavior in the video choice task
with the video viewing task revealed that participants had previously chosen to
watch an average of 44% of the 32 videos in the video viewing task. Rated
positive arousal and negative arousal values of the videos were relatively in-
dependent and uncorrelated (r = 0.254, t = 1.40, P = 0.20).
Neuroimaging acquisition and analysis. Brain images were acquired and pro-
cessed as described in previous neuroforecasting studies (26) (SI Appendix,
section S6).
Data Availability. Data and code that support reported analyses are available
online in the Open Science Framework (42) and Neurovault (43).
ACKNOWLEDGMENTS. This research was supported by the NeuroChoice
Initiative of Stanford’s Wu Tsai Neurosciences Institute. We thank spanlab,
Ali Hortacsu, Alex Peysakhovich, Hrvoje Stojic, Carolyn Yoon, and three anon-
ymous reviewers for feedback on previous drafts.
1. G. S. Becker, A theory of the allocation of time. Econ. J. 75, 493–517 (1965).
2. H. Simon, “Designing organizations for an information-rich world” in Computers,
Communications and the Public Interest, M. Greenberger, Ed. (John Hopkins Uni-
versity Press, Baltimore, MD, 1971), pp. 37–72.
3. A. Goolsbee, P. J. Klenow, Valuing consumer products by the time spent using them:
An application to the Internet. Am. Econ. Rev. 96, 108–113 (2006).
4. D. S. Evans, The online advertising industry: Economics, evolution, and privacy.
J. Econ. Perspect. 23, 37–60 (2009).
5. T. Rodrigues, F. Benevenuto, V. Almeida, J. Almeida, M. Gonçalves, Equal but dif-
ferent: A contextual analysis of duplicated videos on YouTube. J. Braz. Comput. Soc.
16, 201–214 (2010).
6. D. Watson, D. Wiese, J. Vaidya, A. Tellegen, The two general activation systems of
affect: Structural findings, evolutionary considerations, and psychobiological evi-
dence. J. Pers. Soc. Psychol. 76, 820–838 (1999).
7. B. Knutson, K. Katovich, G. Suri, Inferring affect from fMRI data. Trends Cognit. Sci.
18, 422–428 (2014).
8. G. R. Samanez-Larkin, B. Knutson, Decision making in the ageing brain: Changes in
affective and motivational circuits. Nat. Rev. Neurosci. 16, 278–289 (2015).
9. J. M. Pearson, S. R. Heilbronner, D. L. Barack, B. Y. Hayden, M. L. Platt, Posterior
cingulate cortex: Adapting behavior to a changing world. Trends Cognit. Sci. 15, 143–
151 (2011).
10. M. Y. Acikalin, K. J. Gorgolewski, R. A. Poldrack, A coordinate-based meta-analysis of
overlaps in regional specialization and functional connectivity across subjective value
and default mode networks. Front. Neurosci. 11, 1–11 (2017).
11. B. Knutson, S. Rick, G. E. Wimmer, D. Prelec, G. Loewenstein, Neural predictors of
purchases. Neuron 53, 147–156 (2007).
12. D. J. Levy, P. W. Glimcher, The root of all value: A neural common currency for choice.
Curr. Opin. Neurobiol. 22, 1027–1038 (2012).
13. C. M. Kuhnen, B. Knutson, The neural basis of financial risk taking. Neuron 47, 763–770
(2005).
14. K. Preuschoff, P. Bossaerts, S. R. Quartz, Neural differentiation of expected reward
and risk in human subcortical structures. Neuron 51, 381–390 (2006).
15. W. T. Harbaugh, U. Mayr, D. R. Burghart, Neural responses to taxation and voluntary
giving reveal motives for charitable donations. Science 316, 1622–1625 (2007).
16. J. Moll et al., Human fronto-mesolimbic networks guide decisions about charitable
donation. Proc. Natl. Acad. Sci. U.S.A. 103, 15623–15628 (2006).
17. B. Knutson et al., Neural antecedents of the endowment effect. Neuron 58, 814–822
(2008).
18. L. C. P. Tong et al., Trading experience modulates anterior insula to reduce the en-
dowment effect. Proc. Natl. Acad. Sci. U.S.A. 113, 9238–9243 (2016).
19. N. Sawe, B. Knutson, Neural valuation of environmental resources. Neuroimage 122,
87–95 (2015).
20. B. Knutson, A. Genevsky, Neuroforecasting aggregate choice. Curr. Dir. Psychol. Sci.
27, 110–115 (2018).
21. G. S. Berns, S. E. Moore, A neural predictor of cultural popularity. J. Consum. Psychol.
22, 154–160 (2012).
22. A. Genevsky, B. Knutson, Neural affective mechanisms predict market-level micro-
lending. Psychol. Sci. 26, 1411–1422 (2015).
23. V. Venkatraman et al., Predicting advertising success beyond traditional measures:
New insights from neurophysiological methods and market response modeling.
J. Mark. Res. 52, 436–452 (2015).
24. S. Kühn, E. Strelow, J. Gallinat, Multiple “buy buttons” in the brain: Forecasting
chocolate sales at point-of-sale based on functional brain activation using fMRI.
Neuroimage 136, 122–128 (2016).
25. C. Scholz et al., A neural model of valuation and information virality. Proc. Natl. Acad.
Sci. U.S.A. 114, 2881–2886 (2017).
26. A. Genevsky, C. Yoon, B. Knutson, When brain beats behavior: Neuroforecasting
crowdfunding outcomes. J. Neurosci. 37, 8625–8634 (2017).
27. E. B. Falk, E. T. Berkman, M. D. Lieberman, From neural responses to population
behavior: Neural focus group predicts population-level media effects. Psychol. Sci. 23,
439–445 (2012).
28. D. Ariely, G. S. Berns, Neuromarketing: The hope and hype of neuroimaging in
business. Nat. Rev. Neurosci. 11, 284–292 (2010).
29. B. Knutson, S. E. B. Gibbs, Linking nucleus accumbens dopamine and blood oxygen-
ation. Psychopharmacology 191, 813–822 (2007).
30. Y. Goto, S. Otani, A. A. Grace, The yin and yang of dopamine release: A new per-
spective. Neuropharmacology 53, 583–587 (2007).
31. F. Wu, B. A. Huberman, Novelty and collective attention. Proc. Natl. Acad. Sci. U.S.A.
104, 17599–17601 (2007).
32. E. B. Falk et al., Functional brain imaging predicts public health campaign success. Soc.
Cogn. Affect. Neurosci. 104, 204–214 (2016).
33. D. Watts, J. Peretti, Viral marketing for the real world. Harv. Bus. Rev. 85, 22–23
(2007).
34. M. Cebrian, I. Rahwan, A. Pentland, Viewpoint: Beyond viral. Commun. ACM 59, 36–
39 (2016).
35. J. Berger, K. L. Milkman, What makes online content viral? J. Mark. Res. 49, 192–205
(2012).
36. W. J. Brady, J. A. Wills, J. T. Jost, J. A. Tucker, J. J. Van Bavel, Emotion shapes the
diffusion of moralized content in social networks. Proc. Natl. Acad. Sci. U.S.A. 114,
7313–7318 (2017).
37. D. Southgate, N. Westoby, G. Page, Creative determinants of viral video viewing. Int.
J. Advert. 29, 349–368 (2010).
38. A. D. Wagner, J. D. E. Gabrieli, M. Verfaellie, Dissociations between familiarity pro-
cesses in explicit recognition and implicit perceptual memory. J. Exp. Psychol. Learn.
Mem. Cogn. 23, 305–323 (1997).
39. H. Pinto, J. M. Almeida, M. A. Gonçalves, “Using early view patterns to predict the
popularity of YouTube videos Henrique” in Proceedings of the Sixth ACM In-
ternational Conference on Web Search and Data Mining (Association for Computing
Machinery, New York, NY, 2013), pp. 365–374.
40. U. Hasson et al., Neurocinematics: The neuroscience of film. Projections 2, 1–26 (2008).
41. S. Nishimoto et al., Reconstructing visual experiences from brain activity evoked by
natural movies. Curr. Biol. 21, 1641–1646 (2011).
42. L. C. Tong, M. Y. Acikalin, A. Genevsky, B. Shiv, B. Knutson, Brain activity forecasts
engagement in an internet attention market. Open Science Framework. https://osf.io/
6c4xd. Deposited 3 February 2020.
43. L. C. Tong, M. Y. Acikalin, A. Genevsky, B. Shiv, B. Knutson, Brain activity forecasts
engagement in an internet attention market. Neurovault. https://neurovault.org/
collections/6559. Deposited 3 February 2020.
6 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.1905178117 Tong et al.
D
ow
nl
oa
de
d 
by
 g
ue
st
 o
n 
M
ar
ch
 1
9,
 2
02
0 
